Acoustic data can provide quantitative and qualitative information about the distribution and abundance of mid-trophic level functional groups in the marine ecosystem. Acoustic data, opportunistically collected on 2 return voyages between New Zealand and Chile, were used to describe the distribution patterns of pelagic fishes across the South Pacific Ocean. The area backscattering coefficient (s a in m 2 m −2 ) at 38 kHz in the upper 600 m was used as the measure of fish abundance, and was assumed to be dominated by mesopelagic fishes. Consistent vertical and horizontal patterns of pelagic fish distribution were identified. Vertical (depth) patterns included diel migration and layering. Key horizontal (spatial) patterns were coastal intensification and oceanic patchiness. Boosted regression trees models were used to explain the relationship between s a and environmental and geographical variables. The key finding was that there was a strong correlation between satellite-derived chl a and distribution of acoustic backscatter. The incorporation of species composition information from biological sampling would improve the relevance of the results of this study. Nevertheless, these large-scale estimates provide an opportunity to validate model predictions of mid-trophic functional groups and to inform ecosystem-based fisheries management.
INTRODUCTION
Fisheries in the South Pacific Ocean (SPO) account for more than the 50% of the global marine fish catches over the last 40 yr (FAO 2005 (FAO -2013 . The SPO has diverse ecosystems, including boundary current systems, mid-ocean gyres, and coastal and oceanic fronts (Mann & Lazier 2006) . These are impinged by 2 major climate patterns: the interannual El Niño Southern Oscillation (ENSO); and the quasi-decadal Pacific Decadal Oscillation (Talley et al. 2011) . The more productive coastal ecosystems have attracted most scientific interest, particularly where they occur within exclusive economic zones (Maguire et al. 2006) . However, given the growing importance of high-seas fisheries, more emphasis now needs to be placed on the science and understanding of these high seas ecosystems.
The South Pacific Regional Fisheries Management Organization (SPRFMO) was founded in 2006 to address the lack of policies for international conservation and management of fisheries and biodiversity in the high seas (SPRFMO 2010) . The creation of the SPRFMO required an ecosystem approach for fisheries management, incorporating uncertainty into the risk analysis for exceeding defined management criteria (Hewitt et al. 2008) .
Implementing an ecosystem approach requires knowledge and understanding of the marine ecosystem, multispecies assemblages and their trophic inter actions. A key part of the ecosystem is the midtrophic level functional groups (micronekton or, more colloquially, 'forage fishes'). In the pelagic SPO, this group is dominated by mesopelagic fishes. Mainly consisting of 2 families, Gonostomatidae and Myctophidae, mesopelagic fishes are present in all oceans (Nelson 2006) and, in terms of number of species, account for at least 20% of the oceanic ichthyofauna (McGinnis 1982) . Mesopelagic fishes are probably the most important zooplankton consumer in the epi-and mesopelagic zones (Gorelova 1984) . Likewise, mesopelagic fishes play a key role on energetic dynamics in the ocean, transporting carbon between surface and deep waters, by vertical migration and faeces generation (Moku & Kawa guchi 2008) . Further, they are prey items of many commercial species and marine mammals (Jackson et al. 1998) , and a key component of the oceanic food web (Wang & Chen 2001) , linking primary consumers (i.e. zooplankton) and tertiary consumers (i.e. top predators) (Kloser et al. 2009 , Catul et al. 2011 . Despite their ecological relevance, little is known about the distribution patterns of mesopelagic fishes (Young et al. 2001 , McClatchie & Dunford 2003 , and there exists a strong demand for more research for feeding coupled ocean-biogeochemical-population models (Lehodey 2004 ) and ecosystem models (Klo ser et al. 2009 , Handegard et al. 2012 .
To study mesopelagic fishes at the basin scale, large-scale biological studies are required. Fisheries acoustics (hereafter acoustics) provides a suitable tool for monitoring fish abundance and distribution (MacLennan 1990 , Simmonds & MacLennan 2005 . Because most myctophid species have gas-filled swim-bladders (Moser & Watson 2006) , myctophids are good acoustic targets, proving high response signals to incident acoustic transmissions. They are recognised as consistently the most important component of the oceanic deep scattering layer (DSL) (Bekker 1967 , Karuppasamy et al. 2006 .
Because of the cost of dedicated research time, vessels of opportunity (i.e. in transit from one port to another) may provide the best chance of achieving the broad spatial coverage required to study ocean basin scale ecosystems. The Continuous Plankton Recorder programme (Batten & Burkill 2010) established a precedent in this regard, and is the longest ongoing marine biological monitoring programme in the world (since 1931) (Reid et al. 2003) . Kloser et al. (2009) In this research, we used acoustic data collected during ARGO buoy deployment trips across the South Pacific basin to generate ecological information on large-scale patterns of mesopelagic fish distribution and abundance. The aims were to identify large-scale patterns of fish distribution using acoustic backscatter (s a ) as a measure of biological abundance across the SPO; to determine the vertical distribution of s a ; and to explore the relationship between distribution of s a and environmental and geographic variables to determine the major factors driving the observed distribution.
MATERIALS AND METHODS

Data collection
Between October and December in 2007 and 2010 the 28-m RV 'Kaharoa' made 2 return trips between New Zealand and Chile to deploy ARGO buoys ( Fig. 1) . Acoustic data were opportunistically collected during these voyages using a Simrad ES60 echosounder with hull-mounted 38 kHz transducer. Average vessel speed during data collection was between 8 and 8.5 knots. Acoustic data (ES60 .raw files) were collected from the sea surface to the seabed or to a maximum depth of 1000 m. Transmitted power was 2000 W with a pulse length of 1.024 ms. The echosounder was calibrated in July 2008 and March 2013 and calibrations were consistent and stable over this period (National Institute of Water and Atmospheric Research, New Zealand, unpubl. data) . Calibrations were carried out using a 38.1 mm tungsten carbide sphere following standard procedures (Simmonds & MacLennan 2005) . The ES60 triangle wave error (a systematic variation of 1 decibel (dB) with a period of 2721 transmits) was removed during analysis of both calibrations. Survey data were not corrected for the triangle wave. On the large scale of this study, the effect of this error was expected to be negligible because acoustic data were integrated over many thousands of transmits.
Acoustic data grooming and echo integration
Data grooming was carried out using the software Sonardata Echoview (Myriax) versions 4.90 and 5.0. Automatic filters were applied for removing background noise (De Robertis & Higginbottom 2007) and spikes (Anderson et al. 2005) , using the Echoview virtual echogram module. In addition, we developed custom filters to remove mechanical noise, drops-out and aeration (Escobar-Flores 2012) . In most files, the presence of noise restricted the maximum data range up to 600 m depth. Echoes from near-surface (typically within 10 m of the transducer) and from the seabed were also excluded.
Acoustic records were integrated in 10 nautical miles elementary distance sampling units (EDSU) along the vessel track, and in 50 m depth bins to 600 m depth. EDSU length was chosen arbitrarily, to provide relatively fine spatial resolution whilst ensuring a sufficient number of transmits in each EDSU. No thresholds were applied for echo integration. With the aim of incorporating as much information as possible into analysis, all files were included regardless of the proportion of missing transmits. An average of about 5% of transmits were removed during the automatic filtering process.
Environmental and geographic data
We analysed the relationship between fish abundance and 6 potential explanatory variables. These were grouped into 3 environmental variables (chloro phyll, sea surface temperature, and sea surface height); 2 geographic parameters (minimum distance from main land masses, either New Zealand or South America) and depth; and one temporal variable (time since sunrise). Each of these parameters was matched to mean EDSU geographical location for each transect.
Chlorophyll a (chl a in mg m −3 ), and sea surface temperature (SST in °C) data were retrieved from the National Oceanic & Atmospheric Administration (NOAA) CoastWatch website (http:// coastwatch. pfeg. noaa.gov/coastwatch/CWBrowserWW360.jsp). We selected Aqua MODIS chl a data at 0.05° spatial resolution and a monthly composite temporal resolution for November 2007 and 2010. For November 2007, we used Pathfinder v. 5.0 with 0.05° resolution measurements and monthly composite SSTs. For November 2010, we used the global area coverage SST dataset (monthly composites) from the Advanced Very High Resolution Radiometer (AVHRR) with 0.1° resolution measurements.
The spatially enabled Object Relational Database Management System (ORDBMS) PostGIS (http:// postgis.refractions.net/) was employed to retrieve chl and SST data. To match these along each EDSU extent (10 n miles), a 0.25° uniform grid was set up, centred on the mean EDSU spatial location. Within the grid, the mean value was obtained using a bicubic sampling algorithm.
Sea surface height (SSH in m) data for the Pacific region was produced from a combination of monthly delayed-time, updated, mapped sea-level anomalies retrieved from Aviso (www.aviso.oceanobs.com/ duacs/), multi-mission gridded SSHs computed with respect to a 7-yr mean; plus the mean dynamic topography v. 1.1 (MDT__CNES-CLS09_v1.1) (www. aviso.oceanobs.com/). The final product was a delayed-time mapped absolute dynamic topo graphy (DT-MADT) (www.aviso.oceanobs.com/). The spatial resolution of SSH data was 1/3° × 1/3° Mercator grid, while the temporal resolution was monthly for November 2007 and 2010 respectively. PostGIS was used for extracting the SSH data for each EDSU from the resulting netCDF files containing the DT-MADT. Distance from land (in km) for each ESDU was determined using ORDBMS PostGIS, postgresql (9.1.3-1) for Windows (Structured Query Language; www.postgresql.org), and GnuWin32 package (http:// gnuwin32.sourceforge.net). A PostGIS script created a PostGIS database and populated it with world coastlines and tracks for both transects in 2007 and 2010. Boxes surrounding New Zealand and South America were generated to constrain spatial searches used to calculate the distances between each point of the tracks to the nearest coastline in each box. The minimum of the 2 distances for each point was chosen.
Depth (in m) was retrieved from the General Bathymetric Chart of the Oceans (www.gebco.net/ data_and_products/gridded_bathymetry_data/). The bathymetric dataset was acquired using 3 freely available software packages: Generic Mapping Tools (Wessel & Smith 1995) (http://gmt.soest.hawaii. edu/), GhostScript v. 8.64 and GS view v. 4.9 for Windows64. The mean geographical location was used to extract depth along transects corresponding to each EDSU. Time (UTC) logged by the echosounder for each EDSU, was transformed to estimate time relative to sunrise (in hours) for referencing backscatter to light or darkness. The choice of reference time (sunrise or sunset) was arbitrary and does not affect interpretation. Transformation was done using the package 'maptools' in R v. 2.13.2 (R Development Core Team 2012), based on algorithms provided by NOAA.
Boosted regression trees
The relationship between acoustic backscatter and the 6 environmental and geographic variables was evaluated using boosted regression trees (BRT). For a full description of BRT models and their applications in ecology see Elith et al. (2008) . Briefly, BRT models combine a large number of simple tree models to best fit underlying relationships within the data. This differs from a more traditional regression approach (e.g. generalized additive models) which attempt to fit the single 'best' model. The BRT fitting process uses 2 algorithms from 2 different modelling groups: regression trees (also called decision trees) and boosting (Elith et al. 2008) . The regression tree is a rulebased classifier that splits observations into groups with common characteristics (Elith et al. 2008 ). The boosting algorithm uses a step-wise (iterative) pro-cess which progressively adds trees to the model. The process is adaptive and enhances model prediction capabilities by emphasizing observations poorly predicted by the previous trees (Leathwick et al. 2006 , Elith et al. 2008 .
BRT models were chosen for our dataset because of their superior predictive capabilities over other modelling approaches such as generalised linear or generalised additive models (Elith et al. 2008) . Other advantages of BRT include its ability to cope with extreme outliers and missing values, and the ease of fitting interactions between predictors (Leathwick et al. 2006) .
BRT were fitted in R v. 2.13.2 (R Development Core Team 2012) using the GBM package v. 1.6−3.1 (Ridge way 2006), plus custom code available online (Elith et al. 2008) . Acoustic backscatter (s a ) data were log-transformed to attain a normal/pseudo-normal distribution (Williams et al. 2010 ). The dependent variable was s a summed from the surface to 600 m depth, i.e. backscatter from the whole water column was considered for modelling purposes as a single EDSU. The number of EDSUs (observations) was 2462, including data from 2007 and 2010.
BRT models have 2 key parameters: tree complexity (tc) and learning rate (lr). Tree complexity is responsible for setting up whether interactions between the predictor variables will be allowed and if so, how many. A tc of 1 means that there are no interactions, a tc of 2 allows up to 2-way interactions, and so on (Elith et al. 2008) . The learning rate establishes the contribution of each single tree to the entire ongoing fitting process. The parameters lr and tc define the number of trees (nt) required for achieving the most favourable prediction. In general it is preferable to have low lr, so the model learns slowly from the contribution of every additional tree, resulting in a large nt (Elith et al. 2008) .
For finding optimal model settings and to prevent over-fitting, a cross-validation (CV) method (Mosteller & Turkey 1968) was used. This statistical method is valuable for evaluating and comparing learning algorithms, grouping data into 2 subsets, one to train the model and the other for validation purposes (Refaeilzadeh et al. 2009 ). When applying CV on BRT, a k-fold CV is employed, in which data are separated in k equally sized partitions or folds, followed by subsequent k training and validation iterations, in which different portions of the data are held-out at each time for validation (Refaeilzadeh et al. 2009 ). Its implementation first finds an optimal nt. This nt was then used in a model fitted to the full data set with the required tc and lr (Elith et al. 2008 ).
To assess model performance, CV deviance and standard error were estimated from the k-fold CV for the withheld portion of the data, where a lower value indicates a better model performance (Williams et al. 2010) . CV de viance is often used in hypothesis testing for assessing the goodness of fit of BRT models, based on the difference between the saturated model and the model under investigation (Elith et al. 2008 ). As validation is done internally during the fitting process, there are no root mean square prediction error values available when applying BRT as there are in more classic modelling approaches.
The relative influence of predictors for explaining the model is determined by the number of times that a certain variable is chosen for splitting when fitting regression trees, weighted by the squared improvement contribution to the model as consequence of each split, and averaged over all trees (Friedman & Meulman 2003) . Then, this relative influence is scaled in such way that their sum is equals to 100, representing the total contribution of the variables, so predictors having higher influence on the res ponse receive higher values (Elith et al. 2008) . Partial dependence plots help to visualise fitted functions, showing either the separate effects of the predictor variables, or the effect of interactions when these exist (Buston & Elith 2011) . Once partial dependence plots were created, each predictor variable was tested to evaluate its significance using bootstrapping (Efron & Tibshirani 1993 ), while estimating model uncertainty (Elith et al. 2008 ). Here, 500 bootstrap replicates were used by implementing the gbm.bootstrap function in R. Bootstraps were applied internally on different fractions (EDSUs) of the total dataset from all 4 transects, with all predictor variables bootstrapped together, ignoring the geographic location and transect origin of the EDSU.
RESULTS
Descriptive acoustic analysis
Mean s a along the track was similar on 3 of the 4 transects (Table 1, Fig. 2 ) but was ~2-fold higher on T1-2010, which crossed the Pacific at about 40°S. T2-2007 and T2-2010 were more northerly, while T1-2007 was further south (Fig. 1 ). All 4 transects showed higher s a in the region within 700 n miles of the coast (coastal intensification), a periodic fluctuation along the track due to diel vertical migration, and patchiness in the oceanic region (Fig. 2) .
In general, the highest s a values were observed on the eastern (South American) boundary and coastal intensification in the east was stronger and more extensive away from the coast. The coastal signature on the western boundary was more variable between the 4 transects.
Periodic fluctuations in s a along transects was the result of a nocturnal migration of organisms towards the surface leading to an increase in the total vertical s a at night (Fig. 3 ). This pattern was due to migration of meso-and bathypelagic organisms towards the surface and into the pelagic zone, where they can be detected by the echosounder at night. During the day, these organisms may be deeper than the effective range of the echosounder (typically 600 m), so there is a bias in total backscatter.
An increase in s a started about 13 h after sunrise, which matched the approximate time of sunset, since the day length (mean ± SD) ranged from 13 h 13 min (±13 min) in T1-2007 up to 14 h 05 min (± 25 min) in T2-2010. The intensity of this diel pattern was very consistent for all 4 transects. Maximum mean s a occurred at 16, 21, 17 and 16 h after sunrise for T1 and T2 in 2007 and 2010 respectively ( Fig. 3) .
Overall vertical distribution of backscatter followed a similar, but not identical, diel pattern on the 4 transects ( Fig. 4 ). During both daytime and nighttime there were 2 main vertical (depth) concentrations of backscatter: between the surface and 200 m (surface layer), and between 350 and 550 m (DSL). These 2 main zones were consistent across the 4 transects, but their depth limits varied slightly (Fig. 4 ). Between these 2 zones there was a section from 200 until 400 m depth where the proportion of s a decreased considerably, producing an intermediate layer of low backscatter. This backscatter region remained reasonably low and stable in terms of proportion of total s a during day and night, but showed a vertical displacement due to the organisms' vertical migration process.
During the day, the maximum vertical proportion of s a was located in the upper 50 m in T1-2010 and between 100 and 150 m in T1-2007, whereas in T2-2007 and T2-2010 this maximum was found between 450 and 500 m depth ( Fig. 4) . At night, the proportion of s a seen below 300 m generally diminished because of the vertical migration, and there was a clear displacement of the vertical structure towards shallower waters. As a consequence of this migration, the maximum proportion of total s a at night was in the upper 100 m for all transects. The s a associated with the DSL between 350 and 600 m was reduced at night in all transects except T2-2010 ( Fig. 4) .
To summarise vertical distribution of backscatter along transects, an echogram representation of the EDSU mean volume backscattering strength (S v [dB]) for 50 m depth bins was plotted as function of longitude ( Fig. 5 ). Additional information of time of day and bottom depth was provided to help with the characterization and/or description of the acoustic data.
A notable feature in all transects was an eastward intensification of the DSL from around 280°E. This feature, which resembles a diagonal stripe on the synthetic echograms ( Fig. 5) , appeared as the track approached Chile, but before depth decreased rapidly over the continental shelf. Other features visible in Fig. 5 include a concentration of backscatter in the surface 100 m, the intermediate layer of low intensity, and the diel migration pattern.
Unlike the pattern observed for the other 3 transects, in T2-2007 the coastal intensification on the western boundary was stronger and more extensive than the coastal intensification on the eastern boundary (see Fig. 2 ). This may be because this transect ran close to shore for around 400 n miles along the northeast New Zealand coast. Moreover, there was a gap along the track close to the eastern boundary where no acoustic records where collected.
Boosted regression trees model results
The initial BRT model run using all 6 predictor variables explained 84.3% of the deviance (Table 2) using the optimal model parameters of tc equals 2, and a lr of 0.05 producing a nt of 4100. The 95% confidence intervals showed that time relative to sunrise and SSH were not significant; therefore they were excluded from further analysis. The existence of a correlation between SST and SSH was another reason to exclude one of these variables.
With the number of predictor variables reduced to 4, the percentage of total deviance explained by the model was 79.5% (Table 2) . Even though Model 2 reduced the total deviance explained by 4.8%, it still had a high level of performance, and contained only significant variables, as shown by the 500 bootstrapping replicates. Chl a was the most important predictor variable, followed by distance from land, depth, and SST (Table 3) .
Because there was correlation between chl a and distance from land, a third BRT model was evaluated that only used the 2 environmental variables (chl a and SST), excluding the geographical variables depth and distance from land. Model 3 performed as well as the other 2 runs using same settings (lr = 0.05 and tc = 2), producing a nt of 2800 ( Table 2) . Percentage of total deviance explained by Model 3 reduced to 70.5%, with the relative contribution of 74.1% by chl a confirming its dominance as an explanatory variable (Table 3) .
Partial dependence plots for all model runs were very stable, with only minor shifts of fitted function curves as variables were eliminated from Model 1 through to Model 3. This is a good indicator of the model performance for predicting or explaining acoustic backscatter distribution. The partial dependence plot for the intermediate complexity model (Model 2 with 4 predictor variables) is shown in Fig. 6 . There was a close relationship between chl a and s a , with backscatter increasing as chl a increased before levelling off. The relationship with distance from land showed that back scatter increased close to the coast and de creased towards the open ocean, but was potentially confounded by a correlation with chl a (as noted above). The relationship between depth and s a was noisy but a positive relationship was observed as depth diminished. Finally, s a increased with increasing SST, with most of the change occurring between 10 and 12°C (Fig. 6 ).
Model outputs highlighted chl a as being the most important predictor variable for explaining s a , and this is apparent from maps overlying chl a and s a for each transect (see Fig. 2 ).
DISCUSSION
This study demonstrated that opportunistically collected acoustic data can successfully be used to characterize large-scale patterns of pelagic fish distribution in the South Pacific. The key finding was that there was a strong correlation between chl a and distribution of acoustic backscatter. The process underlying this correlation is likely food availability. Backus et al. (1969) and Hartmann & Clarke (1975) emphasize the overwhelming influence of food on fish distribution. The trophic linkage between chl a and backscatter is probably a second order effect. In this study we have interpreted chl a as a proxy for primary productivity, acknowledging that satellitederived chl a is a measure of standing stock, not pro- Table 2 for model descriptions and parameters ductivity, and it is possible to have high primary productivity and low chl a (e.g. where zooplankton grazing is intense). We have interpreted backscatter as a measure of mesopelagic fishes, which are consumers of zooplankton (Dalpadado & Gjøsaeter 1988 , Pakhomov et al. 1996 . Primary productivity, along with temperature, is one of the major factors shaping zooplankton distribution and clustering (Morales et al. 2007 (Morales et al. , 2010 and myctophid bio mass has been shown to increase in re gions where mesozooplankton abundance is high (Pakhomov et al. 1996) . Additionally, Robison (1984) found that when trophic conditions are poor, myctophids predate on phytoplankton (diatoms), hence a more direct trophic connection between chl a and mycto phids could occur. Barnett (1984) claims that primary productivity is presumably the factor driving the distribution of mesopelagic fishes in the tropical and subtropical Pacific Ocean. Johnson (1982) also stresses biotic parameters (particularly the amount of food available) as controlling mesopelagic fish distribution, and assigns less significance to physical factors. This study demonstrates strong spatial correspondence between primary production and tertiary consumers in the South Pacific. Unfortunately, we did not have a proxy for zooplank-ton abundance. Having zooplankton biomass as a predictor variable would be highly desirable in future work. The major limitation and uncertainty of this study was that there was no direct information on the species or species groups contributing to the acoustic backscatter. This is a common weakness of acoustically-derived indices from vessels of opportunity, where there is no associated biological sampling to verify ('ground truth') the taxonomic composition (Handegard et al. 2012) . We assumed that mesopelagic fishes or micronekton fishes were the main group responsible for s a at 38 kHz. This frequency has been historically used to sample fish (Simmonds & Mac Lennan 2005) . Most of the backscatter at this frequency came from constant or intermittent sound scattering layers located through the vertical range, and a dense continuous DSL, which other studies have shown are dominated by mesopelagic fishes, particularly myctophids (Barham 1966 , Linkowski 1983 , Karuppasamy et al. 2006 ). However, we ac knowledge that other taxa may also make a signi ficant contribution to scattering due to at this frequency (e.g. krill; Hewitt et al. 2003) . Temp (13.7%) Fig. 6 . Partial dependence plots showing variation in the log of vertically summed total acoustic backscatter (s a on y-axis) predicted using a tree complexity (tc) of 2 from boosted regression trees Model 2 using 4 predictor variables: chl a, distance from land (Dist_from_land), depth, and sea surface temperature (SST). Grey lines: 95% confidence intervals estimated from 500 bootstrap replicates Because of the wide variety of pelagic species which may be contributing to the observed backscatter, acoustic indices presented here are only a proxy for pelagic fish abundance. Converting s a to fish density requires knowledge of the species composition and also of the acoustic properties of the individual species, namely the mean backscattering cross section (σ), or its logarithmic equivalent target strength (TS). Different species have different acoustic properties. Some fish and other organisms without airfilled bladders generate weaker acoustic responses, but can still be detected acoustically (Foote 1997) . Further, mean TS is related to fish size, shape, internal composition, and condition (Foote 2001) . Mesopelagic fishes exhibit a wide range of morphologies, including species with no swimbladders and those with gas-or wax-ester-filled swimbladders (Foote 2001) . Different composition of species may have different acoustic properties, so correlation between acoustic backscatter and fish abundance may not be linear. Nevertheless, acoustic information based on total backscatter still provided further valuable knowledge about patterns of distribution and productivity. It also would allow us to identify key areas for targeting biological sampling in the future, as recommended by Handegard et al. (2012) .
This study provides valuable insight into longitudinal variations in backscatter, but it potentially confounds latitudinal variations and local processes because the angle of the vessel's track changed close to the coasts. The major horizontal patterns were identified as coastal intensification and oceanic patchiness, with backscatter decreasing from the coasts towards the core of the south tropical gyre. The major vertical patterns were diel migration and layering. These patterns were very consistent between transects, not showing any clear intra-or interannual differences.
Acoustic data, collected between October and December (see Table 1 ), were compared to environmental variables derived from monthly averages for November. There was likely variation in environmental variables over period of data collection, but the focus of the study was to detect large-scale spatial variation and associations, so any effects at shorter temporal scales were ignored. The apparent stability in longitudinal variation in backscatter between transects could be related to seasonal peaks in chlorophyll at both boundaries, which coincided with the period of data collection. Maximum peaks in chlorophyll on the western boundary, east of New Zealand, occur in the Southern Hemisphere spring (September to October) (Murphy et al. 2001 ). On the eastern boundary, in the southern-central Chile (34 to 40°S) region, upwelling drives maximum chlorophyll concentrations between spring and summer (September to March) (Yuras et al. 2005) . For 2007 and 2010 an interannual effect due to ENSO was unlikely, as both years had a similar Oceanic Niño Index: -1.2 in 2007 and -1.5 in 2010, respectively, derived from 3 m running mean SST anomalies in the Niño 3.4 region (5°N to 5°S, 120° to 170°W) (www.cpc.ncep.noaa.gov/products/analysis_ monitoring/ensostuff/ensoyears.shtml).
Diel migration was detected on all 4 transects with the maximum s a being displaced upward at night (see Fig. 4 ). Diel migration behaviour has been well documented for myctophids (see Nafpaktitis 1982 , FAO fisheries 1997 , and it is defined by an upward migration during night time followed by a downward migration during day time (Rodriguez-Grana et al. 2001) . Catul et al. (2011) indicated that vertical migration commences about 1 h before sunrise and sunset, taking approximately 2 h to fully complete. In this study, migration seemed to be triggered at similar time frames, with sunset occurring between 13 and 14 h after sunrise (see Fig. 3 ), but the process itself was longer, taking about 3 h for the organisms to migrate. Despite migration being clear, not all organisms contributing to the pelagic backscatter in this study exhibited diel vertical migration, with an identifiable DSL remaining at depth during the night.
Unfortunately, low signal-to-noise ratio limited the observations vertical range up to 600 m, meaning it was hard to determine the origin of all of the components of the night time backscatter. Duhamel et al. (2000) , describing the assemblage of the mesopelagic community of the Polar Frontal Zone in the Southern Ocean between the surface and 1000 m, found that 5 out of 7 species that were part of deepwater clusters during the day became the most dominant species in the surface 50 m at night. Therefore, some of the organisms contributing to the backscatter at night likely came from layers that occurred deeper than 600 m during the day.
On the eastern (South American) boundary, coastal intensification of backscatter is associated with the Eastern Boundary Current system, one of the most productive ecosystems on Earth (Pauly & Christensen 1995) . The Humboldt Current supports an outstanding biological productivity, particularly of small pelagic fishes (Chavez et al. 2008) , based on a seasonal coastal upwelling (Strub et al. 1998) . The high productivity is observable on satellite images, and is principally confined to within 50 km from shore (Cor-rea-Ramírez et al. 2007 ). Nevertheless, the upwelling influence is spread out by physical structures as filaments, eddies, fronts, jets, meanders and their interactions, which transport chlorophyll out from the coast into the Coastal Transition Zone up to 500 km offshore (Hormazabal et al. 2004 , Correa-Ramírez et al. 2007 ). The capacity of these physical structures to also export zooplankton has been shown by Morales et al. (2010) . The upwelling regions are dominated by copepods and euphausiids communities, providing the trophic connection between primary productivity and fish (Cushing 1990 ).
On all 4 transects, vertical features (defined here as 'diagonal stripes'), were observed on the eastern boundary (see Fig. 5 ). These features seem to be a result of both the thickening and the slight upward displacement of the DSL close to the coastal zone. When viewed with the coarse vertical resolution of our echograms (50 m), this gives the visual impression of this layer expanding upwards. High productivity related to a seasonal upwelling off central Chile (30 to 40°S) (Sobarzo et al. 2007 ) could be shaping the DSL vertical distribution. The neritic influence of these oceanographic processes in the Pacific Ocean has been described as modifying DSLs at the boundaries where they meet both the California and Humboldt Currents (Tont 1975) . The DSL modifications observed by Tont (1975) are in accord with the finding the present study, with DSLs being thicker, more dense, and having well defined borders. Tont (1975) also describes the DSL becoming shallower and relates it to light levels.
There is a potential relationship between the severe oxygen minimum zone (OMZ) existing on the eastern boundary (Escribano et al. 2004 ) and the diagonal stripes. Ekau et al. (2010) and Catul et al. (2011) suggest that the OMZ could be a niche or refuge for hypoxia-tolerant mesopelagic fish species. Moreover, enhanced productivity and biogeochemical activities have been detected where OMZ limits collide with oxygen rich waters (Mullins et al. 1985 , Levin et al. 1991 . Off central Chile, where our acoustic transects coincide at the eastern boundary between 30 and 40°S, the OMZ has a maximum horizontal expansion of 25 km, diminishing further south to be just a thin layer around 37°S (Silva et al. 2009 ). Likewise, vertically the OMZ has been characterized as covering less than 50 m at 30°S narrowing southwards (Silva et al. 2009 ). Therefore, the OMZ does not extend deep enough or far enough from the coast to account for the diagonal stripe pattern observed, which were typically between 200 and 600 m deep and started to develop between 700 and 600 km from the coast.
Moving offshore from the eastern boundary, the apparent decrease in pelagic fish abundance was associated with the oligotrophic subtropical gyre (Barnett 1984 , White 1994 , Morales et al. 2010 . Patchiness observed in the oceanic region was probably related to a mix of local favourable conditions for mesopelagic fish persistence. Mid-ocean gyres can be thought as self-regulated, semi-closed (Barnett 1983) and physically homogenous (Venrick 1979) , with low concentrations of nutrients and productivity in the surface layer (Venrick et al. 1973) . However, there are still mechanisms that can stimulate productivity, such as those based on the metabolic wastes of zooplankton, and these can play a key role in the oligotrophic ocean (Longhurst & Harrison 1989 ). There may also be different fish assemblages in low and high productivity regions (Hartmann & Clarke 1975 , Johnson 1982 , which could have different acoustic scattering properties. For example, Barnett (1984) illustrated a heterogeneous distribution of mesopelagic fishes in the tropical and subtropical Pacific Ocean, finding well defined divisions of faunal grouping akin those patterns shown by zooplankton. Moreover, Craddock & Mead (1970) , describing species assemblages using an east -west transect from the Humboldt Current towards the central subtropical gyre found a faunal break point about -80°W (260°E) coinciding with the Humboldt Current System edge.
On the western (New Zealand) boundary the scenario driving the coastal intensification observed seems to be less complex, because the number of physical processes participating is smaller. The main physical structure driving enhancing productivity here is the Subtropical Front, which is the convergence edge between the Subantarctic Surface Water mass and the Subtropical Surface Water mass (Shaw & Vennell 2001) . Along this front, physical structures and process such as upwelling, downwelling, plumes, eddies, and meandering can take place, enhancing this region of high biological productivity (Shaw & Vennell 2001) . The elevated productivity associated with the Chatham Rise is a noticeable characteristic seen on ocean colour images (Murphy et al. 2001 , Sutton 2001 , creating a prolific and complex ecosystem including deep-water fishes, benthic ecosystems, seabird and mammal populations (Francis & Fisher 1979) as well as being an important commercial fishing area (Fenaughty & Uozumi 1968 ). Previously, peaks in mesopelagic fish biomass on the western boundary have been attributed to the Subtropical Convergence over the Chatham Rise between 43.5 and 44°S (McClatchie & Dunford 2003) .
Boosted regression trees models showed that SST did not appear to be a major parameter driving mesopelagic fish distribution. Olson et al. (1994) noted that organisms living in close relationship with fronts, as myctophids do (Lubimova et al. 1987 , Pakhomov et al. 1996 , need to tolerate a variety of environmental conditions to use them as a niche. Diel vertical migration also exposes some myctophids with a wide temperature gradient, which does not seem to constrain their activities (White 1994) . The association between fish and fronts may be also explained because of the primary productivity that they bear, not for the temperature gradient across the fronts themselves (Backus et al. 1969 , Hartmann & Clarke 1975 .
The relevance of these analyses could be greatly improved if biological sampling could be incorporated in future large-scale studies, so we could further understand the ecological significance by evaluating species, communities, and ecological assem blages. As an intermediate step, further acoustic analysis may be possible by developing a description and classification of pelagic aggregations present on the echograms. This classification would allow us to establish a database of acoustic marks for the South Pacific and to assess their spatial and temporal consistency. Likewise, it would be useful to evaluate model performance and relationships between predictor variables at different spatial resolutions, understanding that EDSU size may potentially affect these relationships when running BRT.
There is a growing national and international interest for developing programs focused on global ecosystem models for studying large-scale patterns of distribution and abundance of biota and their changes over long time scales in the marine environment (Handegard et al. 2012 ). Large-scale estimates, such as those provided by this study, provide an opportunity to validate model predictions of midtrophic functional groups. For example, Lehodey et al. (2010) developed a model predicting biomass estimates of mid-trophic level organisms for different regions of the Pacific Ocean and in the future model predictions could be evaluated against the empirical results of this present study. Data sharing and accessibility is an important aspect of multinational and multidisciplinary programmes. A framework for this is the Australian-based Integrated Marine Observing System (IMOS), designed to be a fully-integrated national system, observing ocean-basins and regional scales and covering physical, chemical and biological variables. The IMOS programme has an ultimate aim of linking top predators and food availability, to comprehend their behaviour in the global context where they interact with oceanography, ecosystems, fisheries and climate change. IMOS currently incorporates acoustics collection and analysis data on its monitoring plan, and we are investigating whether the data in this study could be made available within this programme. 
